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Abstract—Most of the progresses achieved in radar high
range resolution profile (HRRP) recognition rely on the closed
set condition, where the test sample is from a known class. In
realistic scenario, however, the test sample may be drawn from
unknown classes, which is regarded as an open set recognition
task. In such cases, conventional recognition algorithms will
inevitably make a wrong prediction. In this paper, the open set
problem is addressed by incorporating the extreme value theory
(EVT) into the random forest (RF) classifier. The outputs of
RF are analyzed to determine whether the test sample should
be rejected as an unknown class. At the training phase, a
Weibull-based extreme-value meta-recognition is introduced to
describe the statistical characteristics of the known classes. At
the testing phase, a probability estimation method is introduced
to compute the probabilities of the test sample belonging to known
and unknown classes based on trained Weibull distributions.
The test sample is assigned to the class of highest probability.
Experimental results demonstrate that the proposed method
outperforms the state-of-art NN, 1-vs-set machine and W-SVM
in rejecting unknown classes.
Keywords—open set recognition, random forest, high range
resolution profile (HRRP), extreme value theory.

I.

I NTRODUCTION

The common approaches in radar automatic target
recognition (RATR) are based on high range resolution
profiles (HRRP) [1], synthetic aperture radar (SAR) images
[2] and inverse synthetic aperture radar (ISAR) images [3].
HRRP represents the one-dimensional (1D) distribution of
an object’s scattering centers along the radar line of sight,
while SAR/ISAR images show the two-dimensional (2D)
distribution in the slant-range plane. Due to its mild complexity
in acquisition and processing, HRRP plays an important role in
RATR community [4]. Most of the existing HRRP recognition
algorithms are designed for a closed set world, whereby all
testing classes are assumed to be known at the training phase.
When testing a sample from unknown classes, these algorithms
will assign it to a known label, which is unacceptable. This
problem is known as open set recognition, which aims to
reject the sample from unknown classes and put the known
samples into correct classes at the same time. Table I shows
the differences between closed set and open set recognition.
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TABLE I: Differences between closed set and open set. Here
N , M denote the number of classes in different phases and 2
≤ N < M.
Open set
Closed set

Classifier
Binary
Multi-class
Binary
Multi-class

Training
2
N
2
N

Target
2
N
2
N

Testing
M
M
2
N

Open set recognition is challenging due to the incomplete
knowledge at the training stage. A few methods have been
proposed in literature. A first category is based on nearest
neighborhood (NN) with an additional threshold, but the
estimation of a suitable threshold is difficult. As another
approach, Scheirer extended support vector machine (SVM)
to the open set world and proposed 1-vs-set [5] and W-SVM
[6] for binary and multi-class cases, respectively. In 1-vs-set
machine, an additional hyperplane is introduced to separate
the known and unknown classes and it is determined by
the greedy searching strategy. W-SVM involves two separate
SVMs to yield the probabilities of test sample unrelated and
belonging to known classes, respectively. The two probabilities
are fused to determine whether to reject a test sample. The
above SVM-based open set recognition methods have been
applied in classification tasks such as SAR [7], laser detecting
and ranging (LADAR) [8] and forward-looking infrared radar
(FLIR) [9]. Recently, a sparse representation based open-set
recognition method is proposed in [10]. The tail distributions
of matched and non-matched reconstruction errors are fused
to jointly determine the identity of the test sample. With
the development of deep learning, an open set deep network
is proposed to offer an end-to-end capability for open set
recognition [11].
In this paper, we propose an open set recognition
framework based on RF and apply it to HRRP recognition.
The outputs of RF are regarded as the ‘high-level features’ of
the input sample, which are used to estimate the distribution of
the training data via extreme value theory (EVT) [12]. At the
training phase, the Weibull-based extreme value distribution
is employed to establish a ‘boundary’ for the known classes
because it can predict the probability of a rare value occurring.
An extreme-value meta-recognition algorithm is applied to fit
the Weibull distributions. At the testing phase, the probabilities
of the test sample belonging to known and unknown classes

are calculated based on the above Weibull distribution. The
test sample is assigned to the class of the highest probability.
The structure of this paper is organized as follows: The
structure of open set RF and its principle are described in
Section 2. Section 3 demonstrates the experimental results and
the conclusion is given in Section 4.
II.

O PEN SET RANDOM FOREST

A. Structure
RF is an ensemble classifier that is made up of many
decision trees (DTs) [13]. Fig. 1(a) shows the structure of RF
for closed set world. The outputs of all DTs are combined
together to generate the final prediction result. RF is widely
applied because of its high efficiency and robustness to
data-lacking problems. To deal with the open set problem, we
add an open set module to analyze the RF outputs. Fig. 1(b)
shows the structure of open set RF.
Fig. 2 illustrates the flowchart of the open set module,
which consists of two parts. In the training part, we apply
an extreme-value meta-recognition method to fit Weibull
distributions to known data. In the testing part, a probability
estimation method is used to compute probabilities of the test
sample belonging to all classes including unknown classes
based on the similarities between the test sample and each
known class. The label of the test sample is then assigned
according to the highest probability and the test sample is
rejected when it belongs to unknown classes.
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Fig. 1: The structure of RF: (a) closed set RF; (b) open set RF
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Algorithm 1 Extreme-value meta-recognition algorithm.
Require: The outputs vector of RF
Output: Distribution of each known classes Wi (λi , κi , β i )
1: for i = 1, ... N do
2:
Compute the class mean vector;
3:
Compute the distance between samples and class mean
vector;
4:
Consider top m samples as extreme value point based
on distance;
5:
Fit Weibull distribution Wi (λi , κi , β i ) based on extreme
value point;
6: end for

B. Extreme-value Meta-recognition
In open set recognition, the most important issue is to
determine the boundary between known and unknown classes.
The difficulties lie on the lack of knowledge of unknown
classes. In this paper, we use probabilities to determine
known and unknown classes rather than distance. Here, the
extreme-value meta-recognition is used to determine boundary
between the known and unknown classes automatically.
In general, meta-recognition is defined as a performance
prediction technique with the capability of observing and
even adjusting the recognition process [14]. EVT describes
the distribution of data of abnormally high or low values
[12]. Thus, extreme-value meta-recognition offers an approach
to evaluate the possibility that a test sample belongs to an
unknown class. EVT states that the underlying extreme value
distribution abides by one of three functions. The commonly
used function corresponds to a Weibull distribution and it is
given by
−1/κ
1
W (t) = e−v
v −(1/κ+1) ,
(1)
λ
where v = 1 + κ t−β
λ where β, λ, κ are the location, scale, and
shape parameters respectively.
The extreme-value meta-recognition algorithm is described
in Algorithm 1. Firstly, the outputs of RF are used to calculated
the mean vector of each class. Then, the training samples are
sorted in descending order according their Euclidean distances
to the mean vector. The top m samples are considered as
extreme value point for each class. Finally, the training data
of each class are used to fit Weibull distributions based on
distance.
C. Probability Estimation
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Fig. 2: The flowchart of open set module.

The goal of probability estimation is obtaining probabilities
of the test sample belonging to each class. The primary
work is computing the rejection probability, which refers
to the probability of the sample belonging to unknown
classes. However, it is difficult to directly compute the
rejection probability without prior information. Here, we
first calculate the probabilities of the test sample belonging
to known classes using the Weibull cumulative distribution
function (CDF) with parameters estimated above [14]. Then,
the rejection probability is indirectly calculated through
these probabilities. The probability estimation algorithm is
summarized as Algorithm 2.
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combining the outputs with Weibull CDF to estimate the
similarity is more accurate, as follow:
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After getting the probabilities of the test sample belonging
to known classes, the key work is computing the rejection
probability. The rejection probability for the test sample is
derived based on reverse Weibull CDF, which defined as:
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where index N + 1 denotes unknown classes. It is necessary
to normalize probabilities because the sum of probabilities is
1. The normalization formula is defined as (6).
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where j is the rank of class i after sorting based on the outputs
of RF.
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Fig. 3: The HRRPs of two known classes.

where Ci is the known class i in the training. Meanwhile, we
consider top ranks provide a more meaningful probability for
estimations of known classes in open set RF. The probability
equation can be revised by using a weight value as (4).
N −j −
1−
e
N

50

Rang cell

(6)

k=1

Finally, the sample is assigned to the class of highest
probability based on computed probabilities. If the test sample
is assigned to unknown classes, it is rejected to avoid reducing
the classifier recognition performance.
Algorithm 2 Probability estimation algorithm.
Require: Weibull distribution Wi (λi , κi , β i )
Input: The RF outputs of the test sample
Output: Probabilities of the test sample belonging to each
class
1: for i = 1, ..., N do
2:
Compute the probabilities of the test sample belonging
to known class i ;
3: end for
4: Compute the rejection probability ;
5: Probability normalization;

50

100

150

200

Rang cell

Fig. 4: The HRRPs of two unknown classes.

III.

E XPERIMENTAL RESULTS AND ANALYSIS

A. Experiment Setup
An experimental radar with a bandwidth of 1200MHz was
developed to collect the HRRP data. Each HRRP sample
contains of 200 points. In our test, four targets were used
as known classes and others were regarded as unknowns. At
the training phase, each kind of target contains 800 samples,
while at testing phase each kind of target contains 500 samples.
Typical HRRPs of the known and unknown targets are shown
in Fig. 3 and Fig. 4, respectively.
Before classification, segmentation and feature extraction
were performed. The aim of segmentation was to determine
the range intervals of the target and a two-threshold detection
algorithm was applied [15]. Then, twelve features were
extracted, including length, number of strong scattering points,
sparsity of scattering points, standard deviation, etc. In our
experiment, RF consists of 40 DTs and the max depth of a
DT is set as 10. To make full use of extracted features, we set
the maximum number of selected features as 12 for each DT.
Generally, a binary confusion matrix about known and
unknown classes is used to describe the experimental results
of open set recognition, as shown in Table II.
TABLE II: The confusion matrix of known and unknown
classes
known classes
unknown classes

known classes
TP
FN

unknown classes
FP
TN

In Table II, TP is the number of true known samples, FN is the
number of false unknown samples, FP is the number of false
known samples, TN is the number of true unknown samples.

In open set recognition, recognition accuracy rate (Acc) and
F1-measure (F1) are usually used to evaluate the performance
of different recognition algorithms. The higher Acc and F1,
the better performance. Acc is defined as
TP + TN
.
(7)
TN + FN + FP + TP
F1 is a harmonic mean of Precision and Recall. The higher
F1 the better performance of a recognition algorithm and F1
is defined as
Precision · Recall
F1 = 2 ·
,
(8)
Precision + Recall
where Precision and Recall are defined as follow:
TP
Precision =
,
(9)
TP + FP
TP
Recall =
.
(10)
TP + FN

TABLE III: The recognition performance of different
algorithms
Methods

Acc =

Acc

F1

open set RF
NN
1-vs-set
W-SVM
open set RF
NN
1-vs-set
W-SVM

1
unknown
class
90.92%
94.76%
96.84%
92.24%
0.9423
0.9682
0.9806
0.9501

2
unknown
classes
92.40%
95.63%
97.23%
93.53%
0.9423
0.9682
0.9796
0.9501

3
unknown
classes
92.66%
90.40%
91.60%
89.29%
0.9354
0.9223
0.9313
0.9078

4
unknown
classes
93.37%
91.60%
83.15%
90.63%
0.9331
0.9223
0.8557
0.9078

RF has a better performance than NN, 1-vs-set and W-SVM.
Meanwhile, the proposed method has a more stable recognition
performance comparing with NN, 1-vs-set and W-SVM.
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